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Abstract
Background: An improved understanding in transmission variation of kala-azar is fundamental to conduct
surveillance and implementing disease prevention strategies. This study investigated the spatio-temporal patterns
and hotspot detection for reporting kala-azar cases in Vaishali district based on spatial statistical analysis.
Methods: Epidemiological data from the study area during 2007–2011 was used to examine the dynamic
space-time pattern of kala-azar outbreaks, and all cases were geocoded at a village level. Spatial smoothing was
applied to reduce random noise in the data. Inverse distance weighting (IDW) is used to interpolate and predict the
pattern of VL cases distribution across the district. Moran’s I Index (Moran’s I) statistics was used to evaluate
autocorrelation in kala-azar spatial distribution and test how villages were clustered or dispersed in space. Getis-Ord
Gi
* (d) was used to identify the hotspot and cold spot areas within the study site.
Results: Mapping kala-azar cases or incidences reflects the spatial heterogeneity in the incidence rate of kala-azar
affected villages in Vaishali district. Kala-azar incidence rate map showed most of the highest endemic villages were
located in southern, eastern and northwestern part of the district; in the middle part of the district generally show the
medium occurrence of VL. There was a significant positive spatial autocorrelation of kala-azar incidences for five
consecutive years, with Moran’s I statistic ranging from 0.04-0.17 (P <0.01). The results revealed spatially clustered
patterns with significant differences by village. The hotspots showed the spatial trend of kala-azar diffusion (P < 0.01).
Conclusions: The results pointed to the usefulness of spatial statistical approach to improve our understanding the
spatio-temporal dynamics and control of kala-azar. The study also showed the north-western and southern part of
Vaishali district is most likely endemic cluster region. To employ exact and geographically suitable risk-reduction
programmes, apply of such spatial analysis tools should suit a vital constituent in epidemiology research and risk
evaluation of kala-azar.
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Background
Kala-azar or visceral leishmaniais (VL) is one of the leading
causes of morbidity and mortality in Bihar, India [1,2]. The
disease is transmitted to the humans mainly by the vector,
Phlebotmus argentipes [3]. The majority of VL (>90%)
occurs in only six countries: Bangladesh, India, Nepal,
Sudan, Ethiopia and Brazil [4]. In the Indian subcontinent,
about 200 million people are estimated to be at risk of
developing VL; this region harbors an estimated 67% of
the global VL disease burden. The Bihar state only has
captured almost 50% cases out of total cases in Indian sub-
continent [5]. There is evidence that the disease are
persisting at Vaishali district (Bihar), in India for many
years [6], while others are more sporadic and persists for a
short period of time only [7-9]. Vaishali district is the most
seriously VL affected area in Bihar, with the highest num-
ber of kala-azar cases during the period from 2007 – 2011
(State Health Society report, Bihar, India). 12,200 cases and
24 deaths of kala-azar were recorded through active and
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passive surveillance system in 2007–2011 from the district
only. The district accounted for >5 percent of total kala-
azar cases reported from Bihar, and disease transmission in
the district appeared the major focus fueling a sustained
epidemic. The incidence of kala-azar shows high variability
within the district.
For a vector-borne disease, it is important to recognize
the spatial and temporal characteristics of its transmission.
Geographic information technology (GIS) has a vital role
in surveillance and control of the vector-borne diseases as
it is promising to scrutinize factors associated with the
disease through the geo-coding processes [10]. In the
present study, we used several techniques under the um-
brella of GIS. The application of GIS with spatial statistics,
including spatial filtering (smoothing) and cluster analysis,
pertained to the other diseases, where it is often used to
Figure 1 Location map of the study area.
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investigate and more clearly exhibit the spatial patterns of
disease [11-14]. On the other hand, the detection and enu-
meration of spatial heterogeneity in disease prevalence
across a geographical area offer extent for targeting deter-
rence and treatment interventions at high-prevalence or
high-risk areas [15,16]. Spatial statistics are the most use-
ful tool for describing and analyzing how various geo-
graphical events occur [17].
GIS can not only give an avenue to expand our under-
standing of the distribution pattern of disease, but also
assist public health officials to be in touch with public
and policy makers about multifaceted information in a
simply implicit configure. Hence, in this study, we aimed
to check the spatio-temporal patterns of kala-azar disease




An area covering 3173 km2 with a total population of
3,495,249 lying between 26.22°N – 25.55°N latitude and
84.53°E - 85.46°E longitude in North Bihar, India was
selected for the main study (Figure 1). The climate of this
region is humid tropical, with an estimated annual rainfall
of 1,200-1,400 mm. According to weather station read-
ings, daily mean minimum temperatures are 36.25°C in
the summer, 33.5°C in the rainy, and 21.7°C in the winter
season. All these conditions favour spread of this disease.
Data collection and management
Kala-azar cases data reported in years 2007 to 2011 was
used in this study. The data were obtained from the State
Health Society (SHS), Bihar (India) and the Public Health
Centers (PHCs). However, the results of the analysis were
performed based on the secondary data, collected
through the State and District Health Offices. In this
study, location data and population data for 1741 villages
of the district were collected from the department of
Census of Bihar, India. For conducting a GIS-based ana-
lysis of the spatial distribution of kala-azar, the village-
level point and polygon layer was generated based on the
administrative boundary map (Scale-1:25,000) obtained
from Land Revenue Office, Patna. All kala-azar cases
were geo-coded and matched to the village-level layers of
polygon and point by administrative code using the soft-
ware ArcGIS 9.1 (ESRI Inc., Redlands, CA, USA).
Measures of disease of occurrence
For the purpose of this study an average annual incidence
rate was calculated for the period of 2007–2011. The nu-
merator of five years cumulative VL cases were the sum of
all kala-azar cases recorded during 2007–2011, and the
denominator was the average number of population at risk
during this period.
Spatial filtering and smoothening
Data from all the kala-azar reported cases have been geo-
coded using village location from the address of the
patients. Spatial filtering can involve smoothing or shar-
pening the data of interest. The spatial smoothing was
performed to reduce random noise in the data that comes
from the high variance characteristic of small populations
or small case numbers [18]. Voronoi statistics was opted
to estimate the local smoothing and variation. In the
present study, local smoothing procedure was used which
includes the effects of spatial variability by using informa-
tion from bordering the geographic area of neighbouring
villages [19]. The smoothed incidence was computed from
the total number of cases per 10,000 at each village di-
vided by the total number of people at risk within the vil-
lage, which was specified using a spatial weights file
including the village. Specifically, spatial weights we used,
is based on the inverse geographical distance between the
centroids of the kala-azar affected and non-affected vil-
lages. Spatial weights are defined based on the 1 km dis-
tance between the centroids of neighboring villages. The
value ‘1’ is used if the distance between the centroids
of neighboring villages is within the specified distance
(e.g., 1 km); otherwise ‘0’ is incorporated in the weight file.
Based on the annual average incidence, all villages were
grouped into four categories: non-endemic village, low en-
demic village with annualized average incidence between
0 and 5 per 100,000, medium endemic area with the inci-
dence between 5 and 30 per 100,000, and high endemic
area with the incidence over 30 per 100,000. The tech-
nique of producing a smoothed map of disease rates
allows for the display of data at a village level while pre-
serving the stability of the estimated disease rates.
Inverse distance weighting (IDW) interpolation
We used the IDW interpolation method to produce pre-
dictions of incidence rates of kala-azar cases across the
whole district. This is because mapping the spatial distri-
bution of kala-azar disease and potential risk areas
requires, producing “bulls eyes” around data locations. The
IDW interpolation technique is commonly used in GIS
programme for producing surfaces using interpolation of
scatter point and has been employed in other analysis of
vector borne disease [20-22]. IDW is used to interpolate
and predict the pattern of VL cases distribution across the
district. The principle of IDW method is to consign more
weights to nearby points rather than to distant points [23].
Since the IDW method is an exact method and is more ac-
curate one, as it is sustain the entire probability distribu-
tion of incidence values, for which we have reliable data to
support [24].
IDW weights the contribution of each input point by a
normalized inverse of the distance from the control point
to the interpolated point. The IDW interpolation method
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assumes that each input point has local influence that
decreases with distance [25].
Spatial autocorrelation
Spatial autocorrelation analysis was performed on the inci-
dence rates of kala-azar to test whether the cases were dis-
tributed randomly over space and, if not, to evaluate any
identified spatial disease clusters for statistical significance
[26]. The Moran’s I Index (Moran’s I) statistics [27] was
used to evaluate autocorrelation in kala-azar spatial distri-
bution and test whether villages with high how (or low)
incidence rates. The indices were evaluated by simulation,
and considering the original location of the villages [28].
The value of Moran’s I range from −1 to +1: a value close
to ‘0’ indicates spatial randomness while a positive value
indicates positive spatial autocorrelation and vice-versa.
We also computed Z-score and p-value associated with
Moran’s I, indicates the likelihood that point pattern could
be a result of random chance.
Cluster-outlier analysis
Moran’s I, either general or local, can only detect the pres-
ence of the clustering of similar values. The Cluster-
outlier (CO) type field distinguishes between a statistically
significant (P<0.01) cluster of high values (High-High),
cluster of low values (Low-Low), outlier in which a high
value is surround primarily by low values (High-Low), and
outlier in which a low value is surrounded primarily by
high values (Low-High). A positive value for ‘I’ indicates
that the feature is surrounded by features with similar
values. Such a feature is part of a cluster. A negative value
for ‘I’ indicates that the feature is surrounded by features
with dissimilar values. Such a feature is an outlier. The
Local Moran’s index can only be interpreted within the
context of the computed Z-score or p-value. 99% signifi-
cance level (P <0.01) was used to indicate significant clus-
ters of local autocorrelation.
Hotspot detection and analysis
Hotspot is defined as a condition indicating some form of
clustering in a spatial distribution [29]. This has led to use
of the Getis-Ord Gi
* (d), which can separate clusters of high
values from cluster of low values [30,31]. Moreover, clus-
ters of cases that occur randomly can also have an influ-
ence on the spread of an infectious disease. The local Gi
*
(d) statistics is useful for determining the spatial depend-
ence of neighbouring observations [32-34]. The result
expresses the Z-score and p-value of the calculated Gi
* (d),
in comparison with the normal distribution of the statistics
calculated by simulation [35]. These values represent the
statistical significance of the spatial clustering of values,
given the conceptualization of spatial relationships and the
scale of analysis (distance parameter). In this study, adja-
cency is defined using Thiessen polygon continuity weight
file which has been constructed based on villages that
share common vertices. The output from Gi
* (d) statistic
identifies spatial clusters of high values (hotspots) and
spatial clusters of low values (cold spots).
Results
Spatial analysis
Mapping kala-azar cases or incidences reflects the spatial
heterogeneity in the incidence rate of kala-azar affected
villages in Vaishali district. The high and/or low VL
affected villages are not distributed uniformly in the study
area, but they are strongly clustered in some particular
parts across the district.
The highest adjusted incidence per 10,000 inhabitants
was seen in 2008, while the lowest was in 2007. The map
showed that the disease occurred everywhere in the dis-
trict, mostly in villages in the eastern and northwestern
part of the district. Smoothing provided a clear picture of
the areas of kala-azar risks. The map for 2007 shows
higher rates in the eastern and northern regions. The map
for 2008 shows higher rates in the eastern and northwes-
tern and in some tracts located in the southern regions
were also more heavily affected. In 2009, there was a slight
decrease in incidence rate involving in northeastern and
middle regions of the district. However, in 2010, there was
a slight increase in incidence involving peripheral tracts
south, eastern, and northwestern regions. In 2011, the
situation persisted into eastern regions, and a few villages
in the northwestern regions.
In our analysis, a kala-azar incidence rate map was built
from the cumulative number of cases for the period
2007–2011 (Figure 2), and the analysis result showed that
kala-azar cases were spread all around the district, show-
ing a very high endemic village in ‘dark black’ colour, high
endemic village in ‘light black’ colour, medium endemic
village with light ‘dark grey’ colour, low endemic village
with ‘light grey’ colour and the blank area with no kala-
azar cases. However, the results of the analysis showed
most of the highest endemic villages were located in
southern, eastern and northwestern part of the district; in
the middle part of the district generally show the medium
occurrence of VL. Nearly south and southwestern part of
the district showed less incidence rate in last 5 years.
Figure 3 depicts the spatial distribution of interpolated
estimates of incidence rates of kala-azar disease in the five
successive years using IDW method, during 2007–2011.
The intensity of gray levels is directly related to the inten-
sity of VL occurrence in the study area, so the darker the
area, the greater the risk of VL. It visually confirms that
the incidence rates of kala-azar disease varied geographi-
cally across the district. In 2007 (Figure 3), we observed
high-risk VL foci were found in eastern and some part of
the northwestern part of the district. In 2008, the risk
decreased in the eastern part, but there was a medium-
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risk VL foci in western regions. In 2009 and 2010, there
was also an important reduction in VL intensity within
the entire area. However, in 2011, a new focus was found
in the southern and northeastern regions.
Spatial autocorrelation of kala-azar distribution
The spatial autocorrelation analysis with Moran’s I Index
showed that the spatial distribution of kala-azar inci-
dence per 10, 000 inhabitants were clustered for all the
years (2007–2011) and the results were highly significant
(Table 1). The cases distribution in the year 2007,
produces a Moran’s I highest value of 0.17 suggests that
the likelihood of the pattern being a result of random
chance is less than one percent. Conversely, the lowest of
Moran’s I values were confirmed 0.04 in the year 2010.
We can therefore bring to a close that the adjacent villages
tend to have a similar kala-azar distribution, either high or
low. However, the values of Moran’s I were of small mag-
nitude, suggesting that clustering of VL probably occur
only in small regions and/or scatter across the district.
This information is a major finding to suggest public
health departments that kala-azar is occurring in the
Figure 2 Map showing the average annual incidence rate of kala-azar from the period of 2007–2011.
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cluster and not spread uniformly or randomly throughout
the district. These locations may be considered as hot
spots for future strategy to control.
High/low clustering analysis of kala-azar distribution
The high/low clustering tool is an inferential statistic,
which means that the results of the analysis are inter-
preted within the context of a null hypothesis. Table 2
shows the clustering pattern kala-azar distribution with
the incidence of cases per 10,000 inhabitants. The result
of the analysis of G statistics showed kala-azar is highly
clustered in the district. In this analysis p-value gives the
probability that the observed spatial pattern was generated
by some random process. When the p-value is very small,
it means it is very unlikely (small probability) that the
observed spatial pattern is the result of random processes,
so the null hypothesis can be rejected. A high Z-score and
small p-value for the VL affected villages indicates a
spatial clustering of high values. The values of Z-score
associated with G statistics showed that the intensity of
clustering decreased in 2007–2011. The highest of G sta-
tistics values were confirmed 0.009 in the year 2007, while
lowest was observed in 2010.
Cluster and outlier analysis of kala-azar distribution
Aggregate of villages with lower or a higher incidence rate
are easily detected in the local cluster analysis. Significant
small clusters of high risk were spread around the entire
Figure 3 Maps showing the inverse distance weighting interpolation incidence rates of kala-azar disease over different years.
Table 1 Spatial autocorrelation estimation of different
years using Moran’s I Index
Year Observed Expected variance Z-score P-value Pattern
2007 0.165280 −0.00057 0.00020 11.6496 <0.01 Clustered
2008 0.099660 −0.00057 0.000199 7.100282 <0.01 Clustered
2009 0.070901 −0.000575 0.000196 5.101377 <0.01 Clustered
2010 0.044744 −0.000575 0.000045 4.120251 <0.01 Clustered
2011 0.057347 −0.000575 0.000198 6.677457 <0.01 Clustered
Table 2 Analysis of high/low clustering for different years
using Getis-Ord Gi* statistic
Year Observed Expected variance Z-score P-value
2007 0.00963 0.00320 0.000017 12.2138 <0.01
2008 0.00554 0.00320 0.000002 7.3240 <0.01
2009 0.00512 0.00320 0.000003 5.2544 <0.01
2010 0.00422 0.00320 0.000002 3.3341 <0.01
2011 0.00523 0.00320 0.000004 4.846 <0.01
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district (High-High); however, results also showed no sig-
nificant spatial auto-correlation or a pattern of clustering
of low incidence rate (Low-Low) in Vaishali district during
the study period. Detailed characteristics of each cluster
(per year) are presented in Table 3. There are other identi-
fied clusters, all associated with p-values greater than 0.05,
which are not presented in the results. The presence of ex-
treme p-values only in this current study (lower than
0.01) show clearly that statistically significant clusters are
identified.
Hotspot analysis
There were some outstanding spatial clusters of kala-azar
covering specific locations. Each hotspot analysis of kala-
azar incidence rate showed statistically significant hot-
spots (P<0.01). The analysis results show that the larger
the Z-score is, the more intense the clustering of high
values (hot spot); and the smaller the Z-score is, the more
intense the clustering of low values (cold spot). In the
map (Figure 4), darker areas indicate statistically signifi-
cant hotspots, while, light areas represent significant cold
spot areas. These maps show clear spatial patterns of kala-
azar cases that were mostly spread east and north-west
part of the district since 2007–2009. Some hotspot were
also portrayed in the southern part of the district from
2010–2011. However, most of the cold spots were found
in the southwest and middle of the study area, while, these
are found in the urban and peri-urban region. The map
for 2007 shows hotspot in the central and eastern region,
in some tract in the north-western part; however, the cold
spot was found in the lower central and south-western
part of the district. The map for 2008 showed most of the
hotspots were found in the north-western and central part
of the district, and a small pocket was also observed in the
southern part; however, the similar VL cold spot was also
observed as in 2007. In 2009, there was a slight increase of
VL hotspot areas in north-eastern and southern part;
however, in 2010, there were no hotspot areas in north-
eastern part and shifted to the southeast direction. In
2010, a cold spot was generated in the central part. In
2011, most of the hotspot areas shifted towards the south-
ern direction, and a new focus of the hotspot was found in
the north-east corner of the district. A kala-azar cases
map was built from the cumulative number of cases for
each year during the study period, and confirmed that
kala-azar cases were spread all around the study area
showing a hotspot with black colored points in the north-
west and eastern part of the study area. This apparent
cluster was due to a noticeable effect in the native village,
where the spatial resolution of cases was lower.
Discussion
This study reveals the spatial and temporal characteristics
of kala-azar disease in Vaishali district of Bihar (India)
using GIS tools and spatial statistical analysis, which allow
for the quantification of the degree of clustering of VL
infections. Such approaches have been used to investigate
the spatial clustering of dengue [36], sleeping sickness
[37], human granulocytic ehrlichiosis [38], haemorrhagic
fever with renal syndrome [28], but their application to
kala-azar has been less common, particularly in the Indian
subcontinent. However, to our knowledge this is the first
attempt to implement GIS mapping techniques to exam-
ine the distribution of kala-azar patterns in Vaishali dis-
trict of Bihar (India). The present study has three major
strengths. Firstly, this is the first study to examine the geo-
graphic variation of kala-azar disease across geopolitical
boarders in kala-azar endemic areas of India using spatial
statistics. This study lays a foundation for a further investi-
gation of the spatial and temporal patterns and the risk
factors of this disease. Secondly, the results of this study
demonstrate that GIS mapping techniques may be used as
a tool to quick display information and generate maps to
highlight kala-azar disease risk prone areas for developing
more effective control and prevention strategies. The
maps could be used to suggest high risk areas where fur-
ther investigation should be focused, to identify whether
increased disease surveillance measures or possible con-
trol activities are warranted. Third, the kala-azar disease
data used in this study are somewhat comprehensive, may
be used for the national level. Finally, in this study, we
aimed to examine the distribution patterns of kala-azar
disease spatially and temporarily at the smallest geograph-
ical unit of Bihar, India.
An analysis of the spatial distribution or dependencies of
the disease remains of the most important public health
interest since the 1980s [39]. Using GIS and spatial statis-
tics, the spatial pattern and distribution of confirmed kala-
azar cases and increased risk regions in the highly endemic
area were identified from 2007–2011. Spatial smoothing
was used to estimate this underlying risk, which reduces
differences in population size and in turns addressed vari-
ance instability and spurious outliers. The results obtained
from smoothed VL incidence rates and inverse distance
weighting (IDW) showed the high to low endemic villages
and the progression of cases within the study area.
Though, the earlier authors suggested that the perform-
ance of kriging was usually better that IDW to interpolate
and predict the heterogeneous pattern of distribution
[40,41]. In the IDW method, there is no assessment of the
prediction errors, and no assumptions required by the
data. However, the advantage of IDW is that it is intuitive
and efficient, so for this kind of data IDW interpolation is
recommended. In this study we were able to categorize
clusters of high incidence rates in the northwestern, east-
ern and southern part of the district. However, in the
southern part of the Vaishali district is surrounded by river
Ganga and the north-western part of the district is flanked
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Table 3 Cluster and outlier analysis for kala-azar disease in Vaishali district, 2007–2011
Cluster-outlier type
Year High-high High-low Low-high Low-low
No. of
villages
LMiIndex LMiZScore p-value No. of
villages
LMiIndex LMiZScore p-value No. of
villages
LMiIndex LMiZScore p-value No. of
villages
LMiIndex LMiZScore p-value
2007 63 28.25 11.92 0.003 11 −6.91 −2.64 <0.01 8 −5.34 −2.52 0.02 - - - -
2008 73 11.83 5.00 <0.01 4 −7.47 −2.77 0.01 8 −5.21 −2.39 0.02 - - - -
2009 49 13.72 6.01 0.009 5 −10.22 −4.12 0.009 4 −6.04 −2.54 0.019 - - - -
2010 45 10.61 4.70 0.006 18 −8.50 −3.51 0.013 5 −5.95 −2.45 0.018 - - - -
2011 38 16.37 7.04 0.004 10 −7.49 −3.03 0.014 4 −4.82 −2.26 0.026 - - - -
2007-2011 67 58.00 9.11 0.008 17 −21.03 −3.28 0.014 22 −17.39 −2.44 0.021 - - - -




















by the Gandak river that may retain surface moisture
condition for the propagation of vector breeding [42]. Fur-
thermore, the area has high population density, and is
economically backward with main livelihoods option cen-
tered on agriculture and horticulture that may aids to the
transmission of disease in this particular area [43,44]. An
operational spinoff of this study is the indication that the
use of the IDW to detect areas at highest risk of occur-
rence of VL may be useful for assigning VL surveillance
and control measures. The identification of focal areas at
greater risks can help define priority areas of specific inter-
ventions [45,46]. The evident existence of spatial clusters
of high incidence and prevalence of VL advocates that the
spatial distribution of the disease might be predisposed by
environmental factors. And it has already been reported
that transmissible disease with heterogeneous spatial
distribution, targeted interventions tend to be the most
effective [47].
The present results indicate that spatial statistics ap-
proach if carefully applied can play an important role in
the recognition and analysis of the spatial structure of
kala-azar epidemiology and control. The spatial associ-
ation between cases is subject to the measure of geograph-
ical “closeness” or spatial proximity rather than a formal
analysis [48]. The outbreak dynamic showed a clear non-
random pattern of spreading from the first village to other
villages in each year. Based on these analyses, investigators
will be able to perceive clustering of areas with high detec-
tion rate of VL. Regarding the temporal variation of kala-
azar disease, significant differences were noticeable across
the district. Our results suggested that the annual inci-
dence rates were fluctuated considerably, with the peak in-
cidence rate in 2008. The reasons for spatial clustering of
disease rates may put down in the heterogeneous allot-
ment of essential factors such as crowding, social inequal-
ity, and access to health services or environmental
characteristics [49-51].
Quantitative spatial analysis by using Moran’s I and
Geary G statistics demonstrated that spatial distribution
patterns of kala-azar cases were significantly clustered,
and identified the kala-azar hotspots in Vaishali district.
Spatial autocorrelation are valuable tools to study the
spatial patterns over time. In this study, we found strong
evidence of spatial autocorrelation of kala-azar disease
across the district using Moran’s I statistics. The positive
Moran’s I values indicate the spatial autocorrelation in dis-
ease distribution, indicated disease accumulated in some
particular part of the area. However, in our analysis 0.17 is
Figure 4 Maps showing the hotspot and cold spot over different years (2007–2011) in Vaishali district.
Bhunia et al. BMC Infectious Diseases 2013, 13:64 Page 9 of 12
http://www.biomedcentral.com/1471-2334/13/64
the highest value of Moran’s I statistics. The tracking ana-
lysis of the disease shows a cluster pattern in western and
southern part of the study area. It may be due to the fact
that the population of this region has lower economic indi-
cators, subject to higher levels of social inequalities, which
in turn through to increase susceptibility to VL disease.
Aggregate of villages with lower or a higher incidence rate
are easily detected in the local cluster analysis (significance
level P = <0.01). Thus both the analysis confirmed that the
spatial association of VL distribution occurred at the vil-
lage level with significant high/low infection rate in the
study sites. This means that the likelihood of one site be-
coming infested by L donovani increased when other sites
in the peridomestic compound were infested. The analysis
of risk estimates indicates small and significant low-high
clusters (LH) surrounding the high-high (HH) cluster re-
gion in the southern, eastern and northwestern part of the
district. Alternatively, cluster-outlier analysis did not show
any clear spread pattern or trend during the study period.
This could be due to the several factors. One possibility is
that, VL or kala-azar transmission is going on unabatedly
(e.g., shimmering transmission). In addition, heterogeneity
in the recovery time of infected individuals and behavioral
changes, induced by the presence of cases, would alter the
observed spatial pattern. This result suggests that the ideal
conditions for establishments and maintenance of trans-
mission are found in these places and that the pattern of
VL occurrence is not static and disease may occasionally
spread to other areas of the district.
We used Gi
* (d) statistic to identify the kala-azar hotspot
based on the incidence rate/10,000 population. This tech-
nique provided a statistically robust and consistent method
of detecting hotspot and cold spot areas within the district.
This result suggested that the disease is spreading locally
around foci, with waves of concentration diffusion process
of hotspot and cold spot. Our findings revealed that cold
spot was found in the urban and peri-urban region. This
may be due to the several conditions that favour sandfly
density, local climate, housing condition. Alternatively,
poor neighborhoods tend to maintain some characteristics
in the rural area, such as poor housing condition, lack of
sanitation, bad living condition [52]. Another explanation
would be that the heterogeneity in distribution of hotspot
areas might simply reflects distortions provoked by public
health surveillance system of different quality. Since this
method may succeed to detect the local trends of VL
distribution, which is probably the case now. This informa-
tion could help to epidemiologist and health management
professionals to mark out the areas of good habitat of
vector and susceptible population for kala-azar. Conse-
quently, the village locations were chosen as the best way
to analyze the spatio-temporal patterns of outbreak
dynamic over five consecutive years to study the temporal
dynamics in space and time. However, in the present study,
we identified patterns of dissimilarity of incidence of VL
suggests heterogeneities in the underlying factors determi-
ning the transmission of Leishmania donovani or the detec-
tion of new hot spot areas between administrative villages.
Conclusion
The result of this study show that epidemiological mea-
sures can be used to make out high and low risk areas
more efficiently which aids in optimizing resources and
minimizing VL cases. The present study provides public
health planners with a more sophisticated tool to differen-
tiate risk patterns of VL epidemic using spatial statistical
approaches rather than relying on annual cumulative inci-
dence alone, so that high-risk areas can be expansively
recognized untimely in the epidemic based on their inte-
grated spatial–temporal profiles. Some limitation of this
study should also be highlighted, viz. despite the relatively
high coverage of geocoding of VL cases; it is likely to have
been worse in peripheral areas of the district. Second,
whole analysis has been performed based on the area data.
Despite these limitation, the study showed GIS and GIS-
based spatial statistical techniques may provide an oppor-
tunity to clarify and quantify the epidemic situation of
kala-azar within re-emerged epidemic areas, and lay a
foundation to pursue future investigations into the envir-
onmental factors responsible for the increased disease risk.
Spatio-temporal diffusion patterns and hotspot detection
may offer useful information to sustain epidemiologist to
control and predict kala-azar spread over critical hotspot
areas only rather than for a whole region. Further, the
methodology is based on notions on general principles of
spatial statistics may employ the model to plan a strategy
to control kala-azar by the information received on distri-
bution and hotspots for various months or seasonally.
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